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‘The ability of a science instrument to

analyze its own data in order:

- to calibrate itself

- optimize ops parameters based on
real-time findings

- make mission-level decisions based
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Motivation: The MOMA science team

may only have a few hours to analyze
the delivered data from Mars and to
determine what further experiments

Objectives
* To search for signs of past and present life on Mars
* To investigate the water/geochemical environment
as a function of depth in the shallow subsurface
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existing embedding space
* UMAP Reduced data can be used as a pre-
processing step of Supervised Learning

Matching Stage: neural network development,
implementation and CAL interface

Team Efforts Resource Limits

Data olume

Trusting ML

Dev. of a “Trust Readiness Leve
index (like TRL in engineering dev.)

* Seeks the molecular signs of life with broad
sensitivity to organics and analysis of chirality
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Desired performance and available
resources tradeoffs (CPU, memory)

Crucial collaboration between
scientists and data science team

Challenging acquisition of large
datasets acquisition for ML trainings
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